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Laser-induced breakdown spectroscopy (LIBS) is a widely used technique in the field of spectroscopy, enabling
the determination of the chemical composition of a variety of samples using typically single laser pulses. This
paper presents the successful integration of femtosecond LIBS using double pulses that combined with machine
learning algorithms enhanced the discrimination between two animal tissue types (liver and muscle) through the
detection of atomic and molecular emissions. The double-pulse configuration was optimized on liver tissue, and
the results demonstrated that at 1100 ps pulse delay, the signal was the highest overall for all identified lines,
with a fivefold increase compared to single-pulse configuration at comparable energies. By employing femto-
second double-pulse LIBS, it is possible to achieve enhanced signal quality with a better signal-to-noise ratio.
Both algorithms used here (Artificial Neural Network and Random Forest) consequently demonstrate superior
performance in tissue type prediction when double pulses are employed, as compared to single pulses. The
combination of femtosecond double-pulse LIBS with machine learning algorithms has the potential to be an

effective technique for thin biological samples (for example biopsy sections), with minimal ablation.

1. Introduction

Laser-induced breakdown spectroscopy (LIBS) has been a popular
analytical technique for decades, providing fast and accurate results for
studying the elemental composition of various materials. This method is
based on the information extracted from plasma generated by the laser-
matter interaction. The spectral lines observed at certain wavelengths
correspond to specific elements in the sample. This technique’s
simplicity, high spatial resolution and real-time assessment have
contributed to its widespread adoption across various fields [1-6].

The use of high-energy pulsed lasers is the standard approach for the
implementation of LIBS. These lasers typically operate in the nano-
second (ns) range, offering the advantages of cost-effectiveness, dura-
bility, and versatility. Using femtosecond-LIBS (fs-LIBS) can offer
advantages like efficient ablation, lower continuous emission or better
discrimination of the molecular bands in complex samples [7-10].
However, the plasma generated by a fs laser pulse generally has a
smaller volume and lower temperature, which results in lower signal
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intensity and places a higher demand on detection [11]. The accuracy of
the results produced by both laser types (ns and fs) depends on the
application and material in question, as both have been employed in
enhancing spectral intensity through various methods [12-16].

The double-pulse LIBS (DP-LIBS) approach represents one of the
most frequently used methods in a wide range of samples, configurations
or combinations of ns and fs lasers to achieve higher spectral intensities
[17-24]. The principle of DP-LIBS is based on the generation of plasma
by a first laser pulse, followed by additional energy deposition into this
plasma with a second laser pulse, which is applied after a specific time
interval (referred to as the inner pulse delay). This results in a higher
energy content within the plasma and, subsequently, enhanced optical
emission.

The versatility of LIBS as a characterization technique lies in
different factors; it does not require extensive sample preparation such
as fixation and specific labeling or staining of tissue, allows for rapid
data acquisition, is operational in ambient conditions, and is capable of
identifying a wide range of elements, which makes it a suitable method
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for analyzing biological samples. In the field of medical research, LIBS
has been adopted as a tool for multi-element analysis [14,25], elemental
imaging [26-28], tissue classification [29], bacterial detection [30] and
the characterization of certain specific malignant cells [25,31]. This
resulted in the generation of a large quantity of data, necessitating the
development of new chemometric tools to facilitate the visualization
and characterization of LIBS spectra [14,32-35]. The integration of
advanced spectroscopic techniques, such as DP-LIBS, with sophisticated
chemometrics tools, like Machine Learning (ML) algorithms, is a rela-
tively new approach, mainly used in the analysis of soil samples, to
check for traces of metals and estimate their limit of detection [36]. Our
previous study demonstrated the advantages of using single-pulse LIBS
(SP-LIBS) in combination with ML algorithms on thin pathological
human samples to differentiate cancerous tissue [35].

This paper successfully integrates the fs-DP-LIBS with ML algorithms,
enabling the discrimination between two tissue types through the
identification of atomic and molecular emissions. In the initial section,
we provide an overview of the technical aspects of the laser system, a
detailed examination of the samples, the acquisition of spectral data,
and the employed methodologies for data processing. The following
section presents the signal enhancement that can be attained through
DP-LIBS on animal tissue, as well as the resulting enhancement of the
discrimination that can be achieved between the two tissues when using
the SP-LIBS and DP-LIBS techniques. Furthermore, the SNR for the most
pronounced lines is discussed.

2. Material and methods
2.1. Sample preparation

In this study, fresh bovine tissue (liver and muscle) was collected
from a local butcher and transferred to the laboratory for cryosectioning.
This method was selected due to its rapidity, simplicity, and suitability,
allowing the tissue to freeze rapidly and preventing the formation of
crystals.

Small samples (5 x 5 x 5 mm®) were prepared for cryostat sectioning
using the standard procedure which involved embedding in an optimal
cutting temperature compound (OCT; Tissue-Tek® O.C.T. Compound,
Sakura Finetek USA, Inc.) in a cryomold, followed by snap freezing the
cryomold in liquid nitrogen. Subsequently, the frozen tissue block was
transferred to the cryostat chamber, and equilibrated for at least 20 min
to the preset chamber temperature (—23 °C for bovine muscle and —
25 °C for bovine liver) before cutting into sections. A series of cryogenic
sections of 30 pm were obtained for each tissue type (liver and muscle)
and mounted on a high purity quartz microscope slide (Plano GmbH).
This substrate has been identified as a suitable candidate for spectral
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analysis [35], due to the absence of additives (chemical elements other
than silicon and oxygen) that might potentially interfere with the
detection of the intended biological signal. Furthermore, the pure sub-
strate (just Si line) exhibits no spectral overlap with the sample spec-
trum, which is essential for the accurate interpretation of the biological
signal.

Fig. 1A illustrates the sample preparation steps. Fig. 1B and C show
actual examples of the millimeter sized sections on the substrate with
marked regions of interest (left part) and microscopic images of the
tissue after LIBS ablation (right part). In the ablation process it was
ensured that only unaltered tissue was selected by avoiding areas near
the border with the OCT and holes in the tissue. In most cases, a 10 x 10
matrix of laser ablation spots was generated at the selected tissue loca-
tion. However, in some instances, the matrix size was adjusted to
accommodate the available area, due to the presence of ruptures (micro-
holes) in the tissue, particularly in muscle tissue. Each point in the
matrix generates an individual LIBS spectrum.

2.2. Experimental setup

The experimental setup employed in this study was analogous to that
used in previous studies [35] with the addition of a Mach-Zehnder
interferometer to produce double pulses with variable delay that is
depicted in Fig. 2. A bandwidth-limited pulse (30 fs duration at 785 nm
central wavelength) was directed towards a pulse shaper to compensate
for the dispersion at the interaction area, and subsequently to the
interferometer, resulting in the generation of a pair of pulses. These
pulses were delayed by the delay lines DL1 and DL2 and recombined
prior to entering the focusing objective (Mitutoyo M Plan Apo 10x, NA
= 0.28). DL1 (with a total travel range of 500 ps) was employed for fine
adjustments in determining the time zero between the pulses, whereas
DL2, due to its greater travel range of 5 ns (—2 ns and + 3 ns from time
zero), was used to vary the delay between the pulses. The position of the
sample was continuously monitored by a camera and adjusted using an
XYZ translation stage. Spatial overlap of the pair of pulses was ensured
for each new delay step by first observing the creation of damage in a
glass microscope slide with the monitoring camera (see Fig. 2) and
adjusting one beam line accordingly. The ablation of biological samples
was done with peak intensities of 2.4 x 10*® W/cm? for the case of 14 pJ
pulse energy and 3.5 x 10'° W/cm? for 20 pJ pulse energy with a
measured gaussian beam radius of 3.5 pm at 1/e2. The emitted light
from the created plasma is collected by a pair of fused silica lenses
(positioned at 45° close to the microscope objective) and directed to the
spectrometer (L.O.T. Oriel Multispec MS125) and a gated Intensified
CCD camera (Roper Scientific PIMAX ICCD), recording spectra with
1024 pixels. Each laser pulse or pair of pulses ablated a single spot on the

A Frozen
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30 um LIBS Slide

Muscle

Fig. 1. Sample preparation in A and tissue comparison for the cryosection of the liver in B-left and muscle in C-left. The right picture in B and C presents an optical
microscopy image of the 10 x 10 matrix after LIBS ablation. OCT represents the Optimal Cutting Temperature compound in which the tissue is embedded.
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Fig. 2. Schematic representation of the experimental setup of DP-LIBS and spectra recording. BS: Beam Splitter, M: Mirror, B: Blocker, RR: Retro Reflector, DM:

Dichroic Mirror, DL1 and DL2: Delay Line 1 and 2, At: time delay.

sample, resulting in the generation of one spectrum, which was recorded
for a gate time of 500 ns after the continuum emission from brems-
strahlung and radiative recombination.

2.3. Data processing and machine learning

Once all spectra had been gathered, they were processed further.
Each data set was collected on the same day under identical conditions,
thus eliminating the potential influence of external factors [35]. The
initial step was to assign a label to each spectrum using a self-developed
program in LabView, followed by a series of data processing steps in the
Orange data mining software [37]. All acquired spectra were imported
into Orange, grouped according to distinct categories (tissue type and
pulse type), and then subjected to two outlier removals. The first
removal was conducted via a local outlier factor algorithm with 5 %
contamination for 25 neighbors, with the purpose of eliminating
anomalous spectra. The second removal was necessary for the samples
that contained cracks to rule out ablation on the substrate, rather than
the tissue itself. These spectra had to be excluded from the data set. This
is achieved by applying a suitable outlier threshold for a specific pixel of
the spectrum belonging to the Si line, which then results in the removal
of that entire spectrum. The percentage of removed spectra from the
entire data set was between 4 % and 6 %.

From this point onwards, the data were processed in a different
manner for the purposes of displaying the signal enhancement in Fig. 3
and for the results obtained through the application of machine learning
in Fig. 4. In the first case, the initial 10 pixels and the final 10 pixels of
the acquired signal were removed (due to no light reaching the corners
of the CCD sensor) and a linear baseline subtraction was performed
automatically in the software Orange for each single spectrum by using
the existing widget ‘Preprocess Spectra’. The spectra were averaged for
each delay, and a selection of them is presented in Fig. 3.

In the second case, three adjacent spectra were averaged, as the laser
spots were smaller than the corresponding tissue cell and the hetero-
geneity of the tissue necessitated such an approach. The initial and final
10 pixels were removed and the data underwent baseline subtraction as
indicated before, and additional vector normalization. The final spectra
were suitable for use with machine learning algorithms, including
Artificial Neural Networks (ANN) and Random Forest (RF), using a ‘test
and score’ classification with tenfold cross-validation as a sampling

method. ANN was trained with a network of 512 neurons, while RF was
configured with 250 trees. The results from the performance of the al-
gorithms are presented in Fig. 4.

3. Results and discussion
3.1. Signal enhancement with double pulse LIBS

To measure the enhancement of the LIBS signal with double pulses,
the cryosectioned liver tissue was initially ablated with a 20 pJ single
laser pulse (one arm of the interferometer blocked). The resulting
spectra from each ablation spot were recorded and subsequently pro-
cessed. For acquiring the DP-LIBS, the laser energy was adjusted to 10 pJ
for each of the two pulses, so that the sum will be identical to SP energy.
A wide range of successive inner pulse delays was scanned, excluding
time zero due to interference effects, and extending to 3320 ps (the
maximum range of DL2 for the current setup). All spectra were pre-
processed in Orange, as described in the previous section, leaving
200-350 suitable spectra for each inner delay, which are presented in
Fig. 3 A. The spectra are color-coded to show the highest intensity in
black or dark red and lower intensities in green, light blue and dark blue.
Additionally, the atomic lines (Mg I, Ca II, Ca I, Na I) and molecular
fragments (C—N, C—H, C—C) were identified [38,39] and labelled, with
arrows pointing at the top of the peak/bonds for the SP spectrum. Other
spectral signatures were considered to be relatively weak and therefore
not suitable for the enhancement analysis.

A preliminary examination of the inner delay parameter at 200 ps
indicates the presence of a signal enhancement compared to SP mea-
surements and exhibits new lines such as Ca II and Mg I. At an inner
delay of 1100 ps, the signal reaches a fivefold increase compared to the
SP signal for the Ca II line, fourfold for Ca I, twofold for Na, and slightly
above threefold for the C—N, C—H, C—C bands. The signal decreases at
longer delays.

Fig. 3 B provides a more detailed view of all identified atomic lines
(left part) and molecular bands (right part), with each point representing
the respective enhancement factor for each inner pulse delay measure-
ment. The enhancement factor for each peak/band was calculated by
dividing the area under the curve for that peak/band by the area under
the curve for the signal measured with SP. A rapid increase of signal is
observed in all the graphs at smaller inner delays (< 200 ps), with the
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Fig. 3. A - Emission intensities of liver tissue as a function of inner pulse delay. The back-most spectrum (marked SP in red on the inner pulse delay scale) is from SP-
LIBS at comparable energy with DP-LIBS. The intensities were color-coded from low value (blue, green) to high value (red, black). B - Enhancement factor (DP-signal/
SP-signal) as a function of inner pulse delay for all identified atomic lines (left part) and molecular bands (right part), based on the area under the respective signal.
(For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

presence of a plateau starting at 200 ps (for all Ca lines) and 600 ps for
all the others, until 2000 ps. In contrast, a decrease in signal is observed
for longer inner pulse delays. The plateau presents a constant
enhancement factor of approximately threefold for most lines, except for
the Mg I line, where the plateau is slightly under sixfold enhancement.

In our previous experiment [17], we demonstrated that in both
aluminum and titanium samples the DP-LIBS signal begins to rise at an
inner delay of between 1 and 10 ps, subsequently increasing continu-
ously between 10 and 100 ps, after which it reaches a constant signal at
the end of this region. Following a 100 ps inner delay, there was a
further increase in the signal, although with a smaller slope, reaching a
maximum enhancement at an inner delay of 800 ps, with a subsequent
decrease in signal at longer delays. In other experiments [40], it has
been shown that the spectral intensity (meaning both peak height and
peak area) of the DP-LIBS depends on the plasma plume, which for
materials as Fe and Cr is formed between 0 and 100 ps with an initial fast
expansion, after 100 ps the expansion becomes slow, resulting in a
corresponding initial signal enhancement and then a constant signal up
to 350 ps, where the range of that experiment ended. Guo et all [41]
studied the plasma expansion of fs-laser-induced plasma on GaP crystal
for longer inner pulse delays and concluded that the electron density of
the ejected plasma has a high value in the first 1.8 ns and then decreases.
The above-mentioned results are in general agreement with our own
observations on complex biological samples, albeit on a slightly different
time scale.

Furthermore, all Ca lines exhibit a substantial increase at an inner
pulse delay of 1100 ps, a feature which was reproducible across the
measurements performed in the same conditions. We therefore consider
this value of 1100 ps as appropriate for subsequent measurements.

3.2. Discrimination with ANN and RF algorithms

To determine the effect of double pulses on tissue discrimination by
ML algorithms, spectra of liver and muscle tissue were recorded for SP
and DP as before. The total energy used here was 7 pJ per pulse (14 pJ in
the case of SP), which was slightly lower than in the previous experiment
to avoid blasting the sample and recording spectra from the substrate.
The discrimination of the two tissue types was tested for each algorithm
(ANN and RF) and pulse case (SP and DP at 1100 ps). Following the
removal of outliers and averaging, the number of remaining spectra for
the algorithms to analyse is 506 for liver and 460 for muscle in the case

of SP and 482 for liver and 505 for muscle in the case of DP. The results
from the algorithms are produced in the form of a confusion matrix, in
which the predictions of the algorithms are displayed as true positives,
true negatives, false positives and false negatives.

Fig. 4 shows the percentage of correct predictions (true positives) for
each tissue type (liver and muscle) in both pulse cases (SP and DP) for
both algorithms (ANN and RF). The data are presented in a scale
beginning with 50 % correct prediction, which represents the point at
which the algorithm predictions become random. Once the percentage
of correct predictions exceeds 50 %, the performance of the algorithm is
considered to be admissible.

The ANN algorithm can correctly predict the liver tissue in 73.7 % of
the cases for the SP (light green bar) and 88.2 % in the case of DP (dark
green). This represents a relative increase in accuracy by 19 % from SP
to DP. For muscle tissue, the ANN presents more difficulties with
correctly identifying the tissue; however, it does exhibit a 36 % increase
of correct predictions from SP (64.8 %; light orange) to DP (88.7 %, dark
orange).

In comparison to ANN, RF shows a considerably lower increase in
correctly identifying the liver tissue (9 %). Both SP and DP demonstrated
comparable accuracy in identifying the tissue (76.1 % and 83.2 %,
respectively; blue bars). In the case of the SP on muscle, RF was unable
to distinguish between muscle and liver tissue, and therefore attributed
the tissue nearly randomly, with only 54.6 % correct predictions (light
red). Regarding the DP on muscle, the results demonstrate that the RF
algorithm is capable of correctly identifying the tissue in 85.5 % of in-
stances (dark red), representing the greatest increase observed between
SP and DP, with a 56 % improvement. A potential explanation for the
observed disparities in the enhancements of the two tissue types may be
attributed to their distinct morphological characteristics, although
further research is needed.

In general, the utilization of double pulse instead of single pulse leads
to more accurate predictions, regardless of the used algorithm. One
potential explanation for the observed improvement in discrimination is
the enhancement in signal-to-noise ratio. For this analysis, the full
spectrum was processed in Orange with the widget ‘SNR’, which gen-
erates a numerical value for each pixel in the data set. SNR is the ratio of
the mean signal of one wavelength within the spectrum and the standard
deviation of the noise of this wavelength among hundreds of recorded
spectra. The numerical values of SNR at the region where the most
prominent lines are (C—N band (the highest one), Ca I and Na I lines)
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were averaged and the results are presented in Table 1.

The greatest increase in SNR between SP and DP is observed in liver
tissue for the C—N band with an improvement of up to 44 % (from 1.75
for the SP to 2.52 for DP). A comparable outcome is observed for the Na I
line, with an improvement in SNR of 40 %. In the case of the CaIline, the
improvements are less pronounced (from 1.22 to 1.43). However, as
indicated in the Introduction section, the molecular lines are more
effectively displayed by fs-LIBS, while the atomic lines are more effec-
tively displayed by ns-LIBS [9].

In conclusion, our results indicate that DP-LIBS offers a superior
signal compared to SP-LIBS, a better SNR and therefore broader access to
spectral lines.

4. Conclusions

In this paper, the discrimination of two tissue types by LIBS and
machine learning algorithms has been successfully enhanced by imple-
menting a double-pulse configuration. We demonstrate that double-
pulse LIBS is a superior technique compared with single-pulse LIBS,
offering better signal intensity and signal-to-noise ratio. The inner pulse
delay of DP-LIBS was optimized on thin samples of liver tissue, and the
results revealed that at 1100 ps inner delay between two consecutive
pulses, the signal was the highest overall for all identified lines, with up
to a fivefold increase. Furthermore, it was possible to access additional
spectral information while maintaining the same total pulse energy.

Additionally, the implemented models of machine learning correctly
predicted the tissue type with a higher percentage for the double-pulse
configuration than using single-pulse. The enhancement factor varied
between the tissue type and the model used, but overall, the liver tissue
had a lower enhancement factor (19 % for ANN and 9 % for RF)
compared to muscle tissue (36 % for ANN and 56 % for RF). Never-
theless, accessing superior signals through DP-LIBS and a higher signal-
to-noise ratio resulted in enhanced discrimination for the most promi-
nent lines. In the following years, the superior ablation quality of
femtosecond lasers has the potential to become a key tool for biological
tissue analysis, enabling micrometer-scale resolution and high accuracy
elemental mapping [17,26]. The integration of fs-DP-LIBS with ML al-
gorithms opens the door for the advancement of in situ/in vivo cancer
detection, with the potential to achieve an enhanced signal-to-noise
ratio and improved accuracy in the identification of tumor and non-
tumor tissue.

Table 1
Average SNR for the spectral region of the C—N band, and Ca I and Na I lines for
liver and muscle tissue.

Tissue Line SP DP %increase
C-N 1.75 2.52 44
Cal 1.22 1.43 17
Liver Nal 3.06 4.30 40
C-N 1.82 2.46 35
Cal 1.25 1.53 22
Muscle Nal 291 3.62 24
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